Background: Propensity score (PS) methods are increasingly being employed by researchers to reduce bias arising from confounder imbalance when using observational data to examine intervention effects.
outcome of interest, in this case, BMI percentile change. Such confounder imbalance introduces bias (Rubin & Zell, 2016) . Therefore, statistical methods that reduce bias in observational studies are required.
Various statistical methods can be used by the researcher to control for bias when assignment to treatment or control conditions is not at random (in quasiexperimental or observational studies; Eckardt & Rindskopf, 2016) . One important approach is application of propensity scores (PSs; Rosenbaum & Rubin, 1983) . A PS, developed by Rosenbaum and Rubin (1983) , is the probability of an individual being in the intervention group, given his or her baseline characteristics. The PS is calculated using logistic regression, in which the individual's characteristics (potential confounders) are the predictors and probability of being in the intervention group is the outcome. PSs can be applied in observational studies to reduce bias in understanding the relationship between an intervention and outcome. On the basis of the potential outcomes framework, the unconfounded effect of an intervention can be ascertained when the PS balances all confounders between the nonrandomized intervention and control groups (Rubin & Zell, 2016) . Various methods of PS application exist (Rosenbaum & Rubin, 1983) . PS methods may be superior to other methods of controlling for confounding in nursing research, such as sample stratification and matching (which can only account for a limited number of known confounders) or regression analysis (which may result in residual bias if the intervention and control group are heavily imbalanced on baseline characteristics; D' Agostino & Kwan, 1995; Qin, Titler, Shever, & Kim, 2008; Rosenbaum & Rubin, 1983) .
The scholarly discussion about and use of PSs in both the general biomedical and nursing literature has markedly increased during the past 10 years (Figure 1 ), necessitating that nurse scientists who work with observational data have a working knowledge of this analytic technique (Eckardt, 2012; Qin et al., 2008; Shadish & Steiner, 2010) . Need for PS use will likely increase with the explosion of observational data available to nurse scientists via electronic medical records (Clarke & Cossette, 2000; Lin, Jiao, Biskupiak, & McAdam-Marx, 2013) . Currently, many papers in the nursing literature that discuss PS methods do so by applying PSs prior to their study analyses (e.g., Moser et al., 2014; Stimpfel, Rosen, & McHugh, 2014) . This article is one of the few within the nursing literature to focus on PS methodology (Eckardt, 2012; Qin et al., 2008; Shadish & Steiner, 2010) and, to our knowledge, the first in the nursing literature to examine effects of different PS methods on improvement in confounder balance.
Purpose
The purpose of our study was to apply three PS methods to an observational data set in order to determine which method best improved confounder balance. We measured confounder balance by examining the number of confounders with significant differences between the intervention and control groups. We chose this approach to measuring confounder balance because it is easily observable, quantifiable, and applicable across various PS methods.
PROPENSITY SCORES

Definition and Creation
A PS is the conditional probability of assignment to an intervention given a vector of observed covariates (Rosenbaum & Rubin, 1983) . Applied to nonrandomized intervention studies, a participant's PS is the probability of receiving the treatment or intervention in question given characteristics such as gender, race, or neighborhood poverty level. Because a PS is a probability, values range from 0 to 1. Two participants with identical PSs can be considered to have the same probability of receiving the intervention. In this manner, the PS can help create a proxy intervention and control group within observational cohort data (D' Agostino, 1998; D'Agostino & Kwan, 1995) . For example, a student with a PS of 0.72 who received the intervention can be considered comparable on key confounders to a student with a PS of 0.72 who did not receive the intervention. Because of their identical PSs, these two participants can be considered comparable, as the PS has adjusted for their differences. It is important to note that PSs are created using measured covariates only. Therefore, PS methods cannot mimic a randomized controlled trial (D' Agostino, 1998; D'Agostino & Kwan, 1995; Wagner, 2012) . However, in large data sets, many variables (i.e., potential confounders) are often available to the researcher for creation of a PS, reducing the risk of excluding important confounders (Brookhart et al., 2006; D'Agostino, 1998) .
Logistic regression equations are used to compute PSs for each person. The outcome is the log odds of a binary variable (receiving the treatment or being in the control group). The predictors are the k potential confounders of treatment effect. The equation is
where p is the probability of being in the treatment group, (1 − p) is the probability of being in the control group, and the coefficients give the difference in log odds of being in the treatment group for each unit difference in the confounder adjusting for all other confounders. Once the coefficients have been estimated, the PS is obtained as the estimated probability of membership in the treatment group. The PS can then be used in a number of ways to balance confounders in the estimate of treatment effect on the experimental outcome. When determining which predictors to include in the PS model, Rosenbaum (2002) cautions against using only predictors that significantly differ between groups because (a) this does not consider the relationship between predictor and outcome; (b) just because the difference between groups on a predictor is not statistically significant, it doesn't mean that it can be ignored; and (c) this process considers predictors only one at a time, whereas the logistic model considers the predictors as a group. As such, it is suggested that all available predictors potentially related to the outcome are included in a PS model unless there is a theoretical reason not to do so (Brookhart et al., 2006) .
After creation of the PS, data should be further examined before proceeding with analysis. The distribution of PSs by group should be examined via graphical display using a histogram or boxplot. Presence of a large overlapping area of PSs, or "common support," indicates that the use of PSs will help to balance the intervention and control groups on key confounders (Wagner, 2012) . Although there is no theoretical guidance on what exactly merits common support, it can be considered the range of PSs with at least five observations per PS in both the intervention and control groups (L. Li, Kleinman, & Gillman, 2014) . Limiting analyses to only participants whose PSs fall under the common support is recommended, because characteristics of individuals outside the common support may be too different to compare without introducing significant bias in the estimate of treatment effect (F. Li, Morgan, & Zaslavsky, 2014; Wagner, 2012) . After the common support is examined, the PS can be applied to the data using multiple methods. We compared three methods-PS matching, PS stratification, and PS weighting-to determine which method best improved confounder balance in one data set.
PS Methods
Matching Using this method, participants who received the intervention are matched by PS to participants who did not receive the intervention (Rosenbaum & Rubin, 1985a) , creating two groups that are comparable on potential confounders. After creation of the groups, the treatment outcomes for each group can be directly compared to estimate the intervention effect (Austin, 2011; D'Agostino, 1998; Hill & Reiter, 2006; Rosenbaum & Rubin, 1985a) .
Several methodological decisions are required when implementing PS matching: (a) ratio of control to intervention group, (b) replacement versus nonreplacement, (c) greedy versus optimal, and (d) nearest neighbor versus caliper matching. The ratio refers to how many control subjects are matched to an intervention subject; usually, a 1:1 ratio is selected, but many-to-one matching may be employed (Gu & Rosenbaum, 1993) . Matching can be performed either with or without replacement (Austin, 2011) . When matching with replacement, control participants who are matched to intervention participants are returned to the pool for potential matching with another intervention participant. Matching with replacement requires a special variance estimator to consider the fact that one control participant may be matched to multiple intervention participants (or vice versa; Hill & Reiter, 2006) . Greedy versus optimal matching involves using proximity to match intervention and control participants. Greedy methods match the intervention participant with the closest control participant, regardless of whether the control participant would be a closer match for another intervention participant. Optimal matching is based on minimizing the total within-pair difference on PSs (Austin, 2011) . Optimal matching has been found to be no better than greedy matching in reducing estimator bias (Gu & Rosenbaum, 1993) . Lastly, PS matching may be performed using either nearest neighbor or caliper methods (or a combination of both methods). In nearest neighbor methods, an untreated participant is matched to a treated participant with the closest PS, but no defined PS distance is considered too great for matching. Alternately, in caliper matching, a predetermined distance between PSs, defined by the investigator, is considered the maximum allowable distance. Using the caliper matching approach, a participant lacking a match within that caliper is excluded from analysis. Recommended optimal caliper distances range between 0.05 (Kurth et al., 2006) and 0.2 SD of the logit of the PS (Austin, 2011) . The nearest neighbor method is the easiest from a computational standpoint and may be superior to caliper matching methods in minimizing bias in the treatment effect estimate (Austin, 2010) , though nearest neighbor matching within calipers defined by the PS may be superior in balancing covariates between groups (Rosenbaum & Rubin, 1985b) . Of note, PS matching may lead to some participants being excluded from the final analyzed sample because they do not have a match within the specified caliper (e.g., closest match is within 0.07, but specified caliper is 0.05) or exceed the matching ratio (e.g., data set includes more control than intervention participants, but matching ratio is 1:1). When a PS matching procedure is used, it is recommended that outcome analyses be conducted using a paired t-test or a Wilcoxon signed rank test because the matching process introduces a correlated structure to the data (Lanehart et al., 2012) .
Stratification In PS stratification, participants are first ranked by PS and then divided into strata (Austin, 2011) . Although there is no predetermined number of strata that should be used in all studies, five are typically recommended because five strata can reduce up to 90% of bias (Cochran, 1968; Rosenbaum & Rubin, 1984) ; every participant is included in one of the five strata. Within each stratum, PSs of participants are similar-more similar than they are across the sample as a whole. After participants are divided into strata, the effect of treatment on outcome can be estimated for the intervention versus control group within each stratum. Outcome analyses can be conducted by pooling the weighted outcome for each stratum, with each stratum weighted by the percentage of participants within that stratum (Austin, 2011) . For example, if participants are divided into five strata, then the outcome in each stratum will be weighted by 1/5 or 0.20, when estimating the effect of treatment on the outcome. This can be conceptualized as a "meta-analysis of a set of quasi-RCTs" (Austin, 2011) .
Weighting In PS weighting, participants are weighted by the inverse of their PS. This weighted sample can be used to determine an unconfounded estimate of the outcome (F. . Outcome scores of intervention participants are weighted by a factor of 1/PS; scores of participants who did not receive the intervention are weighted by 1/(1 − PS). PS weighting uses exact PS values, which avoids the possibility of residual confounding that exists when inexact matching and stratification are used (F. . One concern with PS weighting is that standard errors of the treatment effect may be larger than with other PS methods because of extreme weighting of participants with PSs near 0 or near 1. One potential solution to this issue is to trim weights (Potter, 1993) by excluding individuals with extreme weights (e.g., <1st or >99th percentile) from the analysis (Cole & Hernan, 2008; Lee, Lessler, & Stuart, 2011) . Doing so may increase accuracy of the treatment effect (Kurth et al., 2006) . Another method to minimize extreme weighting is to use bounded overlap weights. A discussion of bounded overlap weights method is beyond the scope of this article, but interested readers are referred to L. . Once weighting has been applied to the data, outcome analyses can be conducted using weighted least squares regression.
Sample Size Final analytic sample sizes differ for each PS method. For PS 1:1 matching, the sample size is twice the number of intervention participants. For PS stratification, the sample size includes all intervention and control participants. For PS weighting, the sample size includes all intervention and control participants. Sample SAS code used for implementing each PS method is available (see Table, Supplemental Digital Content 1, http://links.lww.com/NRES/A201).
DATA SOURCE
We designed a retrospective observational study using electronic medical record data to examine the effect of a school nurse-led obesity program on BMI percentile change at one year of kindergarten to 5th grade students who met the criteria for severe obesity (BMI for age and gender at the 99th percentile or 120% of the 95th percentile; Flegal et al., 2009) . The program-the Healthy Options and Physical Activity Program (HOP)-was implemented in New York City (NYC) public schools in 2010. The goal of HOP is to help children improve health behaviors and maintain or decrease BMI percentile. During HOP sessions, school nurses provide education and counseling and assist students with goal setting around five health behaviors: fruit/vegetable intake, sedentary media use, physical activity, sugar-sweetened beverage intake, and portion size. School nurses document participation in the program in the students' electronic medical records. During the 2012/2013 school year, 1,054 children participated in HOP (intervention group) and 19,464 were eligible for but did not participate in HOP (control group). Because HOP participation is voluntary and not randomly assigned, there are likely inherent differences between children with severe obesity who received HOP and children with severe obesity who were eligible for but did not receive HOP.
Data used in the creation of the PS came from three sources: the electronic medical records in the public schools (primary data source), the NYC Department of Health and Mental Hygiene Office of School Health Reports, and the NYC Center for Economic Opportunity. Variables were organized using the socioecological model, which acknowledges that individual, family, institution, and community-level factors influence a child's body weight (Davison & Birch, 2001) . Although the purpose of the HOP study was to examine multiple aspects of HOP implementation and efficacy, in this article we limit discussion to improvement in confounder balance resulting from use of PS methods.
PS Creation
Eleven potential confounders (community poverty level, school poverty level, school nurse workload, household food insecurity, baseline BMI, baseline BMI percentile, age, race/ ethnicity, grade, gender, and diagnosis of at least one chronic illness) were available for incorporation into a PS. Logistic regression based on participation in HOP (1 = yes, 0 = no) was used to compute the PS. Following creation of the PS, a histogram was examined to assess common support and each PS method was applied.
Using PS matching, each intervention child was matched to a control child (1:1 matching) with the most similar PS (caliper of 0.05). Greedy matching without replacement was employed. Once a pair was matched, the control child was not returned to the pool for further matching. Using PS stratification, intervention children and control children were divided into five equal strata based on PSs. Using PS weighting, each intervention child was assigned a weight of 1/PS, and each control child was assigned a weight of 1/(1 − PS). Weights were then normalized by dividing each weight by the mean weight.
Improvement in Confounder Balance
Distribution of key confounders between the intervention and control groups was compared before application of PSs and after use of each PS method. For each confounder of interest, the difference between the intervention and control groups was tested using either Wilcoxon rank sum tests for continuous variables or χ 2 tests for dichotomous or categorical variables. For PS matching only, differences were tested using methods that account for the correlated structure of the matched data (Wilcoxon signed rank tests for continuous variables, McNemar tests for binary variables, and Friedman tests for nonbinary variables). Following application of each PS method, the total number of variables demonstrating significant differences between the intervention and control groups was tallied. For PS stratification, differences between the intervention and control group were tested within each of the five strata; if a statistically significant difference existed in at least one strata, the confounder was counted as a significant difference even if it did not differ within the other four strata. All analyses were performed using SAS 9.4.
Impact on Outcome Variable
An exploratory analysis was conducted to examine the impact of each PS method on estimation of the treatment effect on the outcome variable-BMI percentile change at 1 year. Prior to application of PSs, BMI percentile change at 1 year was calculated for the intervention and control groups. Group differences were then compared using a Wilcoxon rank sum test. Following PS application, differences between groups were analyzed using the Wilcoxon signed rank test (matching), a fixed effect meta-analysis model (stratification), and weighted ordinary least squares regression (weighting) using SAS 9.4 (Cary, NC) and Comprehensive Meta-analysis statistical software (Comprehensive Meta-analysis, 2015).
Institutional review board approval was obtained from Columbia University Medical Center, the NYC Department of Health and Mental Hygiene, and the NYC Department of Education.
RESULTS
Of 20,518 children with severe obesity, 1,054 (5.1%) received the HOP intervention. Baseline characteristics of the sample prior to application of PSs are listed in Table 1 . Groups differed on seven of 11 potential key confounders. On average, intervention children went to a school where fewer students received free/reduced lunch and the nurse workload was lower. Intervention children had higher baseline body measures, were older, and were more likely to have at least one chronic condition.
PS Method and Confounding
Data from one or more variables required for PS creation were missing from 75 participants (3.7%), leaving a total sample of 1,049 children in the intervention group and 19,394 children in the control group for PS analysis. PSs ranged between 0.002 and 0.621. The mean PS in the intervention group was 0.085 (SD = 0.063; range: 0.005-0.491); the control group mean was 0.050 (SD = 0.040; range: 0.002-0.621). The area of common support is shown in the histograms in Figure 2 ; visual inspection of a histogram showed that there appeared to be good common support. Table 2 summarizes confounder distribution before and after application of each PS method.
Matching Two equal groups of 1,049 participants were created. It was possible to match each intervention child with a control child within a 0.05 caliper. Using this method, all significant differences between the intervention and control groups were removed (see Table, Supplemental Digital Content 2, http://links.lww.com/NRES/A202). Sensitivity analysis was conducted by repeating the process with a 1:4 matching ratio; this did not change the results.
Stratification Five strata were constructed. Each stratum included the same number of children; however, the number of intervention children differed among strata because intervention children had higher PSs than control children. Stratum 1 had 59 intervention children (1.4% of stratum), Stratum 2 had 90 intervention children (2.2% of stratum), Stratum 3 had 145 intervention children (3.6% of stratum), Stratum 4 had 277 intervention children (6.8% of stratum), and Stratum 5 had 478 intervention children (11.7% of stratum). As shown in Table 2 , one significant difference (grade) was removed from all five strata, but new significant differences were created for two confounders (household food insecurity and race/ethnicity); these differences occurred in only one and two of the five strata, respectively. Following stratification, differences between the intervention and control groups remained for six variables: school poverty level (2 of 5 strata), school nurse workload (3 of 5 strata), baseline BMI percentile (1 of 5 strata), baseline BMI (3 of 5 strata), age (1 of 5 strata), and diagnosis of at least one chronic illness (1 of 5 strata). Results using this method are presented in greater detail in Table, Supplemental Digital Content 3, http://links.lww.com/NRES/ A203. Following use of PS stratification, differences between the intervention and control groups remained for eight of the 11 confounders.
Weighting PS weighting applied a normalized weight to each child in the sample. Weights differed between groups. For the control group, normalized weights ranged between 0.50 and 1.32 (M = 0.53, Mdn = 0.52). For the intervention group, normalized weights ranged from 1.02 to 99.39 (M = 9.75, Mdn = 7.24). Because of these differences, we explored limiting the sample to children with normalized weights between the 5th and 95th percentile (Kurth et al., 2006; Potter, 1993) . This action resulted in exclusion of 98% of children from the intervention group and, therefore, was not employed. Application of normalized weights to the full sample, one difference between groups was removed (grade) and two new differences (household food insecurity, race/ethnicity) were created (Table 2) . Additional details Note. Treated children received the HOP intervention; untreated children did not receive the intervention. AI/AN = American Indian/Alaska Native; BMI = body mass index; HOP = Healthy Options and Physical Activity Program; SD = standard deviation. a School nurse workload is a composite measure of workload intensity based on number of children with diabetes, medication administrations, and walk-in visits at each school over 1 year. Range from 1.6 to 36.5 (M = 13.3) for this sample. b Asian, Native Hawaiian, or Pacific Islander. may be found in Table, Supplemental Digital Content 4, http:// links.lww.com/NRES/A204. To further explore this result, two analyses were performed using the normalized log of the weight and the normalized square root of the weight. Results using the square root of the weight were similar (one difference removed, two differences created), as were the results using the log of the weight (no difference removed or created). Therefore, following PS weighting, differences between groups remained for eight of 11 confounders. 
PS Method and Estimation of Treatment Effect
DISCUSSION
We compared confounder balance following use of three PS methods by applying them to one data set with information about children with severe obesity-some of whom took part in the HOP intervention. Use of PSs was effective in reducing significant differences between groups. Prior to PS application, groups differed on 7 of 11 potential confounders. After PS matching, no confounders differed between groups. After PS stratification, eight potential confounders differed between groups, though only two confounders differed in more than half of the five strata. After PS weighting, eight potential confounders differed between groups. For this data set, PS matching was most effective in improving confounder balance. Assessment of the impact of PS method on estimation of the treatment effect on the outcome showed that change in BMI percentile at 1 year varied by PS method. Estimated treatment effect on BMI percentile change was most similar to the uncontrolled analysis with PS stratification (0.02 greater than uncontrolled analysis) and most different with PS weighting (0.10 less than uncontrolled analysis) and PS matching (0.07 less than uncontrolled analysis).
We computed PSs using three approaches and then illustrated that choice of PS method may influence the estimate of treatment effect on the outcome. In practice, outcome analyses should not be conducted until after a PS method is selected.
Use of PS weighting and stratification methods increased confounder imbalance between groups. Stratification likely increased differences between groups because of our strict criterion for improvement in confounder balance. We considered balance to be improved only if differences were removed in all five strata. Researchers who impose less stringent criteria may find that stratification is more effective. The weighting procedure likely increased differences between groups because, in this data set, receipt of the intervention was a rare event (approximately 5%; 1,059 of 20,518 students). Rare events result in very small PSs. As a result, weights for the intervention group (1/PS) were much larger than the weights for the control group (1/(1 − PS)). Further testing using the log of the normalized weights and the square root of the normalized weights did not improve the results. Thus, despite the reported strengths of the weighting method (F. Kurth et al., 2006) , we concluded that PS weighting may not be well suited for data sets where receipt of the intervention of interest is rare.
PS methods have inherent limitations. First, the PS can only adjust for confounders used in the PS logistic model. It cannot adjust for unknown confounders (Austin, 2011; Rosenbaum & Rubin, 1983) . Large data sets with many available confounders are ideal for use with PS methods, yet no data set will include all possible confounders. Because randomization theoretically balances groups on both known and unknown confounders, it remains the superior approach for minimizing bias. Second, use of PSs reduces bias in observational data, allowing approximation to a randomized design. However, PS application only reduces and does not remove the limitations inherent to observational studies-findings are limited to association and causality may not be inferred (Austin, 2011; Rosenbaum & Rubin, 1983) . Therefore, a randomized controlled trial remains the gold standard for evaluating an intervention and inferring causality (Shadish et al., 2002, p.13) .
To our knowledge, our study is the first within the nursing literature to compare multiple PS methods. Examples from other fields have shown conflicting results. In one study, researchers showed that both stratification and matching removed confounder differences between groups-though matching did so more effectively (Austin & Mamdani, 2006) . The researchers noted one weakness of matching to be the loss of participants because of inability to find a match; this was not a concern in our study because of the large pool of untreated participants. Another study (Kurth et al., 2006) showed that different PS methods yielded widely differing results when extreme PS values (<5th percentile) were included. When the data were clipped to remove such values, the methods become comparable. However, the authors noted that neither method was necessarily superior in reducing bias in estimating treatment effect; the best method depends on the sample of interest, the clinical question, and the data (Kurth et al., 2006) . Many researchers implement a PS method without first examining the improvement in confounder balance following its implementation or evaluating more than one PS method (Austin & Mamdani, 2006) . The findings of this study highlight the importance of assessing multiple PS methods, as they may produce different results. It is particularly important to note that PS methods must always be selected a priori and evaluated in absence of outcome data in order to avoid the potential selection of the PS method that produces the most desirable outcome analysis. For this reason, it is important for investigators to describe the PS method selection and evaluation process they used when reporting intervention studies that utilize PSs.
Limitations
Our study has several limitations. We created the PSs for this data set using one logistic model that was determined a priori. We also did not limit our analyses to only PSs that fell under the common support. Additional PS model development and limitation of PSs to the range of scores common support may have led to different findings. Second, our results reflect PS application to only one data set. Our data set also may not be typical in that only a small number of subjects (5%) received the intervention, which led to differences in sample size between PS matching (n = 2,058) and PS stratification and PS weighting (n = 20,443). Thus, our comparison of the three methods was biased toward finding fewer significant differences between groups in the matching analysis because the sample size was smaller. In addition, we applied only the three most common PS methods; additional methods exist (Austin, 2011; Rosenbaum & Rubin, 1983) . Also, our measure of confounder balance considered only whether or not a significant confounder differed between the intervention and control groups; it did not consider magnitude of differences between the intervention and control groups, nor did it consider significance of differences in confounder balance improvement between PS methods (Gelman & Stern, 2006) . Lastly, additional potential confounders that would be ideally included in our PS-such as parental attitudes toward HOPwere not available in our data set.
Conclusion
Our analysis of applying PSs to a data set of a nurse-led obesity intervention showed that PSs can be effectively applied to improve confounder balance in observational studies (studies of treatment effect not assigned at random). Of the three methods compared, PS matching removed all significant differences in confounders between groups, whereas PS stratification and weighting removed some preexisting differences but created new differences. These results are likely influenced by the fact that only a small proportion of participants received the intervention. Because of these differences, we recommend that nurse scientists test multiple PS methods before selecting a method for use in their analyses. By adding PS methods to their toolbox, nurse scientists can harness the increasingly available large data sets to conduct studies with reduced bias to create a stronger body of knowledge to improve health.
